Abstract: Traditionally, traffic safety improvement programs (TSIPs) have been based on the number of crashes at a specific location or their severity. However, the crash datasets used for such programs are obtained from the police and include two limitations: not all crashes are collected by the police (most minor and near-miss crashes are not reported), and the traditional process uses crash data recorded for the past two or three years (meaning most data inevitably include a time lag). To overcome these limitations, this study proposes a new approach for a TSIP based on citizen participation through an online survey that is broadcasted through social media. The method uses the public as sensors of hazardous road information, which means that information can be collected on individual experiences of minor crashes and latent risk factors, such as near misses and traffic conflicts. To demonstrate this approach, a case study was carried out in a small district in the city of Goyang, Korea, which has one of the highest usage rates of social media technologies. The proposed method and a traditional method were both assessed.
Introduction
Various traffic safety improvement programs (TSIPs) and countermeasures have been used at different stages of network development and consider different characteristics in various nations. The first step of a TSIP is the identification of hazardous road locations (HRLs) [1] . Such locations are also called "black spots" or crash-prone locations. HRLs can be defined as any location that has a larger number of crashes than other similar locations as a result of local risk factors [2] . The identification of HRLs requires criteria for what to consider "hazardous." Several methods have been developed, including the crash frequency method, the crash rate method, the equivalent property damage only (EPDO) method, the rate-quality control method, and various combinations of one or more methods [3] .
Although previous methodological approaches are different, they are all based on crash data collected by the police. However, there are two major limitations in using this data. First, not all crashes are reported to the police. When a crash is not critical or there is only minor property damage, most drivers do not usually want to report their crash to police officers for fear of their insurance fees increasing or to avoid the hassle [4] . According to Chung and Eom [5] , crash data collected by the police in Korea were estimated to represent less than 20% of the total number of crashes that occur. As a result, the other 80% of crashes are ignored in the TSIP or the identification of hazardous locations, even though the unreported minor crashes could indicate a high risk for injuries or fatal crashes in the Sustainability 2018, 10, 3892; doi:10.3390/su10113892
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Another limitation is the time lag of crash data. Usually, the TSIP or the HRL identification method uses crash data collected for the previous 3 years. Since the police release the most recent crash statistics in the middle of the next year, the newest crash information could be six months old or more. Therefore, crashes resulting from the same causal factors could occur at the same location in that six-month period. Moreover, the characteristics of the traffic environment, such as the road configuration and the traffic demand, could change from the previous 3 years. As discussed by Behnood and Mannering [9, 10] , temporal stability might be a major concern in crash-related data. As a result, old datasets could be unreliable for identifying HRLs.
To overcome these limitations, this study proposes a new model for identifying HRLs based on citizen participation (CP). This method uses the public as sensors of hazardous road information through an online survey that is broadcasted through social media in a crowdsourcing approach [11] . Thus, an individual's minor crash information and near misses can be collected. The method can also collect information on latent risk factors, such as near misses and traffic conflicts for roads. To demonstrate this approach, a case study was carried out in a small district in the city of Goyang, Korea, which has one of the highest usage rates of social media technologies. The proposed method and a traditional method were both assessed. The online survey was only broadcasted through social media rather than using social media itself to collect the latent roadway risk information directly.
Literature Review

Identification of Hazardous Locations
The identification of HRLs is one of the key aspects in the TSIPs of national road safety administrations. Several methods have been developed to identify hazardous locations based on crash histories. They include the crash frequency method [12] , the crash rate method [13] [14] [15] , the equivalent property damage only method (EPDO) [16] , the rate-quality control method [17] , and the empirical Bayes (EB) method [18] [19] [20] [21] [22] [23] [24] .
• Crash frequency: The simplest method is to use a list of hazardous locations ranked by the numbers of crashes occurring during a given period of time (such as 3 years). Sites are ranked in decreasing order of observed crash frequencies. Since the lengths of the compared segments are different, a modified frequency can be calculated from the total number of crashes over each segment length. This simple method does not take into account traffic volume or crash severity.
•
Crash rate: This method normalizes the crash frequency with an exposure measure such as traffic volume. It is the most widely used method due to its simplicity, but it still does not take into account crash severity. The crash rate of a specific road segment can be simply calculated by dividing the crash frequency in a segment by the segment's length and traffic volume (e.g., average annual daily traffic (AADT)).
• EPDO: To combine the frequency and severity score for each crash segment, this method weights crashes by their severity (fatalities, injuries, and property damage only). Each of the injury levels is given a weight that is compared against crashes with property damage only, which are given a weight of 1. This method does not account for exposure.
• Rate-quality control: This method was initially proposed to analyze the amount of variability in the crash rate that could be expected as a result of chance for any highway control section [13] . Stokes and Mutabazi [17] developed this method to compare the crash rate at a segment with the average crash rate calculated in a group of segments with similar characteristics. Similar segments are assumed to have similar hazard levels. Thus, if the calculated crash rate of a segment is too high compared to similar segments or the average crash rate, that segment is considered to be a hazardous location. This method does not take into account crash severity.
• EB: This method was developed to correct for the regression-to-the-mean bias [25] . It combines the crash history of a specific segment with the crash frequency predicted by a crash prediction model. The locations where a high crash count is expected from the EB model can be called HRLs, and a location with the most significant number of crash counts would be ranked the highest.
Citizen Participation in the Transportation Field
CP is a process that enables people to be involved in the planning and implementation of methods to solve problems [26, 27] . Some of the important administrative aspects of CP were instituted in the 1960s and 1970s, such as interventions in licensing hearings and broadened standing to sue administrators. However, the basic tools of participation were set in place long before public advocacy was widespread [28] . CP in the planning process may have various significant benefits and lead to better decision outcomes.
The introduction of CP to the transportation field varies by nation. For instance, the U.S. government carried out studies regarding the effects, methods, and guidelines of CP in transportation planning at the beginning of the 1970s [29] [30] [31] . With the progression of methodologies and technological environments, many transportation projects have been conducted on involving the public in the transportation planning process (e.g., References [32] [33] [34] [35] ). Friedman [32] stressed that "planning takes place in a political environment, and that ultimately, all plans are political statements . . . Indeed, all attempts to implement them are political acts." The U.S. Department of Transportation (DOT) was aware of this political aspect. The Transportation Equity Act for the 21st Century (TEA-21) was enacted on June 9, 1998 and set the policy direction for more comprehensive CP in federal and state transportation planning and decision making. According to TEA-21, the metropolitan transportation planning process includes the following element of public involvement (or CP):
"... A proactive public involvement process that provides complete information, timely public notice, full public access to key decisions, and supports early and continuing involvement of the public in developing plans and transportation improvement programs (TIPs) and meets the requirements and criteria specified".
As described in TEA-21, CP implies that interaction with citizens should take place during the planning process. Thus, despite the fact that there are many variations of the form, most CP programs in the U.S. have focused on roadway construction planning, new transportation facilities, or technology adoption planning. A number of case studies are available from the Federal Highway Administration (FHWA).
Similar CP approaches were adopted for roadway construction or management programs in other countries. In the early 1990s, Japan's laws governing urban planning were modified to require more CP in the planning process for local land use and transportation projects [36] . It was mainly implemented for road improvement and management programs at the national level [37, 38] . In the United Kingdom, the most visible and memorable moment of CP in transportation planning was associated with major trunk road schemes in the 1990s. There was a public inquiry for the Salisbury bypass, where the DOT's proposals were ultimately rejected, as well as complaints by environmental pressure groups to the European Commission regarding the Government's handling of the Environmental Impact Assessment process at Oxleas Wood. There was also a series of protests along the routes of trunk roads, including the historical conflicts at Twyford Down and Newbury [39] . A few studies have conceptualized and implemented CP in national and local transportation planning in the United Kingdom (e.g., References [39] [40] [41] [42] ). Unlike other countries, CP in Korean transportation projects was reviewed prior to the 1990s, but most studies have been limited to suggesting policies and their necessity [43] [44] [45] [46] . Previous studies have indicated that some of the keys to the success of CP efforts are the serious and timely treatment and follow-up of citizen input, such as online comments, incoming calls, and emails [47, 48] . Therefore, the traditional techniques of CP, such as personal interviews, public meetings or hearings, and telephone techniques, could rarely be successful. However, recent advances in information technologies hold great potential for the success of CP programs, such as web-based geographic information systems (web-GIS), geo-tagging, social media, and mashup. For example, many people cannot attend public meetings due to scheduling conflicts and limited time. However, online tools enable the public to maintain involvement and issue opinions in their available time. Additionally, some people are not comfortable expressing their opinions in public, particularly if they feel they are in the minority. However, they might feel better able to express themselves in an online environment.
Literature Review Summary
Since there is no universally suggested approach for identifying HRLs, several methods have been developed based on crash histories to reduce identification bias. Most previous studies do not describe the availability and reliability of crash data and assume that the crash data are complete. However, the crash data used in HRL identification are collected by the police and for only 20% of the total crashes at most. Therefore, regardless of the various methodological approaches to identify HRLs, a study is warranted to examine identification based on unreported latent crash risk factors, including minor crashes and latent risk factors.
Unreported crash data can be collected through CP programs. In the past, serious efforts and time were needed to promptly address citizen input. However, recent advances in technologies hold great potential for CP programs. As a result, a CP program based on social media will be able to collect information on individuals' unreported minor crashes and latent crash risk factors. Using such information is a challenge in research on identifying HRLs.
Identification of HRLs Based on Citizen Participation
Citizens as Sensors of Latent Roadway Risk Information
The increasing popularity of the World Wide Web since the mid-1990s has brought people together by creating virtual communities in cyberspace [49, 50] . People can use it to create, receive, share, and exchange information. In recent years, computer-mediated tools have been introduced for virtual communities and networks. These social media have three key elements: content, communities, and Web 2.0 [51] . Content includes photos, videos, status updates, tags, links, and playlists that people create and share. Communities provide opportunities for people to communicate, network, and collaborate, while Web 2.0 refers to easy-to-use technologies and applications that make communication and content sharing possible for ordinary people [52] .
Social media technologies challenge the traditional methods of CP by enabling more direct, real-time, and networked ways of acting. Recent studies have used social media for various purposes. Examples include studying the relationships between happiness and mobility patterns [53] , tourist origins and attractions [54] , and disaster-related behaviors, such as user intentions, information generation and dissemination, and user interactions on social media [55] [56] [57] [58] [59] [60] . These studies use people as "sensors". In this concept, people act as non-technical sensors with contextual intelligence and comprehensive knowledge [61] .
Social Media for Citizen Participation
There are many similar definitions of social media. Kaplan and Haenlein [62] defined it as a group of Internet-based applications that build on the ideological and technological foundations of Web 2.0. They allow the creation and exchange of user-generated content, which includes blogs, wikis, discussion forums, posts, chats, tweets, podcasting, pins, digital images, video, audio files, and other forms of media created by users of an online system or service. Social media is the collective of online communication channels dedicated to community-based input, interaction, content sharing, and collaboration. Thus, the advent of social media has revolutionized public relations, information exchanges, and communication. As social media becomes more pervasive, it can be useful for identifying social issues and information.
Recently, the VTT Technical Research Centre of Finland conducted a research project on the possibility of collaboration between citizens and public agencies through social media [63] . They described five benefits of social media tools: (1) the possibility of participating regardless of time and space; (2) continuous communication between face-to-face meetings; (3) follow-up activities after meetings; (4) documentation of discussions and decisions serving as reminders of project details, and (5) automatic archiving of the discussed material. Based on these benefits, social media has the potential for the continuous collection of roadway risk information and providing such information to road users in real time. It could thus contribute to the proactive prevention of traffic crashes. Therefore, to assess the feasibility for identifying HRLs based on CP through social media, this study demonstrates a new program to collect roadway risk information and a new model for identifying HRLs based on an online survey that is broadcasted through social media.
Case Study
Roadway Risk Information Collection
The roadway risk information collected by CP includes participant characteristics such as age group and gender, as well as the time period, weather conditions, and location of experienced crashes or latent roadway risk. To observe geo-spatial data regarding the location of latent roadway risk information, a simple location-tag function was added to a social media application that is successfully being operated by the city of Goyang, Korea (www.facebook.com/goyangcity). The operators of this application advertised about the purpose of this study to the residents of Goyang, which attracted participants. We added a special location-tagging function to identify the location of the latent roadway risks. The residents then reported the latent roadway risk factors, such as the location and time of hazardous roadways and their personal experiences with near misses or minor traffic crashes that were unreported to the police. In this study, a "near miss" is defined as an incident that did not result in a crash but had the potential to do so.
Since this program was only being tested for feasibility, it was operated for just one week and for an area of about 9 km 2 . To enhance the program participation and the quality of information from the participants, we limited the contributions to one piece of risk information per participant and offered them a gift card. It was assumed that the latent roadway risk information submitted by the residents would be related to recent experiences rather than their old memories. Therefore, we did not limit the time period for their experiences.
In spite of the short advertising and operating periods for the program, a total of 444 items of latent roadway risk information were obtained from 23-29 June 2013. Table 1 shows descriptive statistics extracted from the participants for the identification of HRLs. Since the location-tagging function was added, the location information for hazardous roadways can be compared to other risk information shared by residents. The proposed method was assessed by comparison with a traditional method. Each set of HRLs identified by the two approaches can be assessed by comparing them with real crash data during the next one-year period. The EB method was selected for comparison since it is one of the state-of-the-art approaches to identify HRLs. Figure 1 shows the framework for the feasibility assessment of the case study, which has the following steps:
• Arrangement of two datasets: Two datasets were used for the identification of HRLs: one composed of crash data from three years (2010 to 2012), and another composed of resident-reported latent roadway risk information from 23-29 June 2013.
•
Identification of potential HRLs using the EB method: The two different sets of potential HRLs were ranked in decreasing order of crash frequency or latent risk frequency with respect to the AADT of each segment.
• Identification of real HRLs using the EB method: Since the potential HRLs from the two datasets were identified using datasets prior to 1 July 2013, the real HRLs were identified based on crashes that occurred during a half-year period from 1 July 2013 to 31 December 2013, using the EB method.
• Assessment of matching rates: The two lists of potential and identified real HRLs were compared based on how much the lists matched the real HRLs.
We collected crash data from the police, which included a total of 1028 crashes for the study area from 2010 to 2012. Other police-recorded data were obtained as reference points for the half-year period from 1 July 2013 to 31 December 2013, which included 201 crashes. EB method.
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Arrangement of Road Network and Risk Dataset
The sections of a road network must be classified to identify HRLs. Each of these sections is assumed to have homogeneous traffic characteristics, such as traffic volume, geometric roadway conditions, and other factors that influence crashes [2] . As described by Elvik [2] , the classification method varies for each country. This study applied a method that is used in Korea [64] . Based on this method, urban areas are basically composed of intersections and roadway segments. With each intersection as a center, the roadway sections within 50 m from the centers are defined as "intersections", and the other sections outside this range are defined as "roadway segments". The roadway segments are divided further when they are longer than 200 m. In addition, the intersections are also divided further when the distance between two consecutive intersection centers is less than 100 m. In such cases, the intersection radius could be less than 50 m. Figure 2 shows the results of the road network section splitting for the study area using a generic GIS tool. 
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Assessment of the Proposed Model Application of the EB Method for Identifying HRLs
The EB method is a popular analysis method for the identification of HRLs for roadway sections. This method can overcome the limitations of other approaches by accounting for regression-to-the-mean effects, traffic volume changes, and time trends in crash occurrence due to changes over time in factors such as weather, crash reporting practices, and driving behaviors [65] . In general, the EB-adjusted crash counts ( i λ ) on roadway section or location i can be estimated using the following equation:
where i denotes a roadway section, i λ is an EB-adjusted crash count, { } i E λ is the expected crash counts on a roadway section with similar road geometry characteristics or traffic characteristics, i x is the crash count on each section, and i α is a weight that is estimated by:
The expected crash counts on similar roadway sections can be determined by the safety performance function (SPF), and the weight is between 0 and 1. If the SPF assumes a negative binomial distribution, an overdispersion parameter can be used to determine the weight. The overdispersion parameter shows the relation between the mean and variance, and its significance indicates that the underlying probability distribution is correctly identified as negative binomial [66] . This overdispersion parameter can be adjusted by the characteristics of each individual roadway segment, such as the lengths of each segment [66] . Therefore, the weight ( i α ) considering a segment-specific overdispersion parameter ( i φ ) can be estimated using the following equation if the SPF has a negative binomial distribution: 
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where i denotes a roadway section, λ i is an EB-adjusted crash count, E{λ i } is the expected crash counts on a roadway section with similar road geometry characteristics or traffic characteristics, x i is the crash count on each section, and α i is a weight that is estimated by:
The expected crash counts on similar roadway sections can be determined by the safety performance function (SPF), and the weight is between 0 and 1. If the SPF assumes a negative binomial distribution, an overdispersion parameter can be used to determine the weight. The overdispersion parameter shows the relation between the mean and variance, and its significance indicates that the underlying probability distribution is correctly identified as negative binomial [66] . This overdispersion parameter can be adjusted by the characteristics of each individual roadway segment, such as the lengths of each segment [66] . Therefore, the weight (α i ) considering a segment-specific overdispersion parameter (φ i ) can be estimated using the following equation if the SPF has a negative binomial distribution:
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The result is determined by how much "weight" is given to the crashes expected on similar roadway sections [24] . The strength of the EB method is in the use of a weight that is based on sound logic and real data [24] .
Prior to identifying hazardous road locations using the EB method, the SPFs must be developed for the estimation of the expected crash counts for each type of roadway. Based on three years of crash data (2010-2012), two SPFs were developed for intersections and roadway segments. Historically, crash frequencies have often been assumed to follow a Poisson distribution [66] . However, as shown in Table 2 , the variance of the crash counts exceeds their average. This violates the constraints of a Poisson distribution. Therefore, a negative binomial distribution is used to represent the distribution of the crash counts in this study [67] . Table 3 shows the estimated models for different types of roadways. AADT and the length of each segment are significant in the two models, and the number of lanes is significant for the model for the intersections. The weights and the EB-adjusted crash counts can be obtained using these estimated SPFs and overdispersion parameters, and we can identify the HRLs for the study area. The rankings of the HRLs from each dataset were used to assess the potential of CP-based latent risk information and not the number of crashes for each segment. The reason is that the number of crashes for each segment from the resident-reported latent risk information depends entirely on the response rates and the experiences and memories of the respondents, so it is difficult to specify the term of the collected information, and the scales may also differ. Table 4 and Figure 6 show the HRLs from the two identification methods and their comparison results. Table 4 includes the comparison results of the identified hazardous locations between the traditional method using the police-reported information and the proposed method using the resident-reported information. The HRLs in the reference year are listed in decreasing order of high-risk sections with all of the sections in the study area. Since this study applies the EB method, a section that is associated with more crashes is likely to be a riskier section. Some sections could have tied rankings. As shown in the results, the proposed method using the resident-reported information is a little bit better than the traditional method using the police-reported information for the overall high-ranked risk sections.
In spite of the short observation period, these results show that the proposed method using resident-reported information performs better than the traditional method to identify the latest hazardous locations. Since the latest crash data from the police could be older than six months, the traditional method may miss some of the latest critical HRLs. However, the proposed method uses resident-reported information right before the assessment period and can efficiently reflect the latest roadway risk information and roadway environment conditions, including the current roadway layout, traffic operation condition, and land use.
The proposed method can also obtain robust results in spite of the short observation period of one week. The police recorded 1028 crashes for the period of 2010-2012, whereas this study collected 444 pieces of latent road risk information in only one week and not three to five years. As a result, the proposed method produced quite accurate results to identify the HRLs. The sample size of the study is not quite small when considering the short period. Therefore, it is concluded that the CP-based latent road risk information can reflect the latest safety environment on the roadway sections, even with a small sample size. Figure 6 shows one of the identified HRLs in Table 4 on a GIS map. Figure 6a shows the upper 5% of HRLs from the traditional method and their overlapped locations with the reference year. Figure 6b shows the upper 5% of HRLs from the proposed method. In the traditional method and the proposed method, 15 and 17 of the 18 locations are overlapped, respectively. The traditional method did not identify two HRLs, but the proposed method did. The areas near the two associated HRLs are commercial districts, as shown in the dashed box area in Figure 6 , meaning that they could have high potential for pedestrian travel. Therefore, it can be interpreted that the traditional method mainly identifies the HRLs on major roadways. However, the proposed method identifies the HRLs on both major and minor roadways, including roadways that are expected to have high pedestrian traffic. . Upper 5% HRLs identified by using previous and proposed approaches.
Discussion and Conclusions
This study introduced a new framework to observe latent road risk information to identify HRLs based on CP through an online survey broadcasted through social media. A simple comparison with the EB method was conducted to assess the model to identify HRLs in Korea. The Figure 6 . Upper 5% HRLs identified by using previous and proposed approaches.
This study introduced a new framework to observe latent road risk information to identify HRLs based on CP through an online survey broadcasted through social media. A simple comparison with the EB method was conducted to assess the model to identify HRLs in Korea. The assessment results showed that the proposed model performed better than the traditional method. As a result, we conclude that the latest resident-reported information has high potential to assess current safety conditions on roadways efficiently, in spite of the short observation periods. It could be very beneficial for roadway operators or policy makers to evaluate safety and publish safety-related policy. It could be particularly beneficial when long-term historical data is not available for regions, such as newly constructed areas, and for cities in underdeveloped countries, where long-term crash data are not available. In addition, the proposed approach identifies the HRLs on both major and minor roadways, such as those with high pedestrian traffic, where the traditional approach is likely to miss identification.
Despite the robust results from this research, there are several remaining limitations and further research issues. First of all, it is still questionable whether the proposed method can capture minor or near-miss crashes that are not reported to the police. The reference data for the assessment are also police-reported data, so some of the crashes could still be missing from the records. Thus, reference data containing "true values" are required to assess the performance of different methods for the HRL identification. Second, the proposed method was assessed by comparison with a traditional method. In spite of the temporal stability issue, this study applied two different datasets obtained from two different time periods due to the short research period. Therefore, it is suggested that the same period be used for the comparison. Third, the proposed method can collect minor or near-miss crashes, but it is limited in collecting more comprehensive crash information from the police, such as crash severity, crash-causing factors, road geometry characteristics, vehicle characteristics, and other environmental characteristics. Therefore, the combination of latent risk information from citizens and more comprehensive crash information from the police would lead to more rigorous and reliable analysis results.
We also need further research to determine an appropriate sample size to obtain a reliable and robust result. Additionally, the success of the model would highly depend on residents participating voluntarily. Thus, further study is required to suggest various policies to sustain the model. Although the proposed method is valid, an extensive publicity campaign should be held to promote the method. Such a campaign could include reasons for participating in this program, how to do so, and what the benefits and incentives are. Incentive policies such as discounts on insurance rates for active participants could lead to the creation of a beneficial cycle to form a more efficient and inexpensive program. Moreover, as seen in Table 1 , the elderly did not participate in the proposed program since many do not usually use social media or may not even know how to use it. Therefore, another study should be conducted to find ways to obtain latent road risk information evenly from each age group. Since this research was a preliminary study to assess the feasibility of the proposed program, an online survey method broadcasted through social media was used to collect the latent road risk information. Thus, latent road risk information could not be collected in real time. However, the development of a mobile device application that can recognize users' voices would give various benefits for collecting latent road risk information.
